Asteroseismology is one of the most accurate approaches to estimate the surface gravity of a star. However, most of the data from the current spectroscopic surveys do not have asteroseismic measurements, which is very expensive and time consuming. In order to improve the spectroscopic surface gravity estimates for a large amount of survey data with the help of the small subset of the data with seismic measurements, we set up a support vector regression model for the estimation of the surface gravity supervised by more than 3000 LAMOST giant stars with Kepler measured seismic surface gravity. The new approach can reduce the uncertainty of the estimates down to about 0.1 dex, which is better than other non-seismic methods by at least a factor of 2, for the spectra with signal-to-noise ratio higher than 20. Compared with the logg estimated from the LAMOST pipeline, not only the systematic overestimation for the RGB stars has been corrected, but also the artificial effect around the red clump stars disappears. Moreover, even the red bump stars, which extend to only about 0.1 dex in logg, can be discriminated from the new estimated surface gravity. The method is then applied to about 380,000 LAMOST metal-rich giant stars to provide improved surface gravity estimates. In general, it can be applied to any other spectroscopic survey data with proper cross-calibration to the LAMOST.
Introduction
The surface gravity of a star is an important stellar astrophysical parameter in the sense that it is able to measure the radius of a star given the stellar mass. Together with the effective temper-ature and metallicity, a star can be pinned down in the Hertzsprung-Russell diagram with the surface gravity. This will be very helpful to learn the evolution status of the star as well as its distance. Therefore, an accurate estimation of the surface gravity is critical in the study of either stars or stellar systems.
Although multi-band photometry may help to discriminate giant from dwarf stars according to some surface gravity sensitive features (Lenz et al. 1998; Majewski et al. 2000; Yanny et al. 2000) , spectroscopic data can reveal more detailed features to quantify the surface gravity. First, the prominent Mgb+MgH feature observed in low resolution spectra can not only be used to identify giant stars (Xue et al. 2014; Liu et al. 2014) , but also to measure their surface gravity (Morrison et al. 2003; Lee et al. 2008). Second, the other features, e.g., Balmer lines (Wilhelm, Beers & Gray 1999) , CaII K and H lines (Lee et al. 2008) etc., can also be useful to determine the surface gravity. Moreover, some algorithms determine the surface gravity together with the effective temperature and metallicity, simultaneously, by comparing the full spectra with the spectral library (e.g., Lee et al. 2008; Wu et al. 2011a ). In addition, the supervised machine learning approaches, e.g. artificial neural networks, support vector machine etc., have also been used to derive the surface gravity based on the training spectra with known surface gravity values as the targets (Re Fiorentin et al. 2007; Liu et al. 2012) . The typical accuracy of the surface gravity estimates for low resolution spectra, e.g. SDSS (Ahn et al. 2014) or LAMOST (Cui et al. 2012) , is about 0.2-0.4 dex (Wilhelm, Beers & Gray 1999; Re Fiorentin et al. 2007; Lee et al. 2008; Wu et al. 2014) .
Asteroseismology is a powerful tool to derive the fundamental parameters, e.g. stellar mass, radius, and T eff , for a star (see Brown & Gilliland 1994; Chaplin & Migio 2013) . Thanks to the Kepler (Borucki et al. 2010 ) mission, the Sunlike oscillations for tens of thousands of stars are able to be measured. The surface gravity can be estimated from the oscillations with accuracy of 0.02∼0.05 dex (Morel & Miglio 2012; Creevey et al. 2013 ). This performance is much better than the non-seismic methods from even the high-resolution spectra. Indeed, Epstein (2014b) has shown that the Kepler measured seismic logg is more accurate than those from the highresolution infrared APOGEE (Majewski et al. 2010 ) spectra by a factor of a few. However, compared to the huge amount of spectra from many large spectroscopic survey projects, the number of stars with asteroseismic measurement is still very limited. Therefore, it is very crucial to examine how the surface gravity of the whole spectroscopic survey data can be improved with the existing seismic data, which only occupies a small fraction of the full samples. In this letter, we give more accurate logg estimates for the LAMOST data with the help of a small subset of the spectra with Kepler seismic logg.
The LAMOST telescope, also known as Guoshoujing Telescope, is a new type of 5-degree wide field telescope with a large aperture of 4 meter. It assembles 4000 fibers on its large focal plane and can simultaneously observe the similar number of low-resolution (R ∼ 1800) spectra covering the wavelength from 380 to 900 nm (Cui et al. 2012; Zhao et al. 2012) . As its main scientific goal, it will observe a few millions of stellar spectra with limiting magnitude down to r ∼ 18 mag for diverse studies of the Milky Way (Deng et al. 2012) . It is also unbiasedly sampled the Kepler field with the "LAMOST-Kepler project" (De Cat et al. 2014) . Currently, it contains a few thousands of spectra with Kepler seismic data (Huber et al. 2014 ). This small subset provides perfect calibrators to improve the estimation of logg for the LAMOST spectra. We develop a support vector regression model for the determination of the surface gravity for the LAMOST giant stars supervised by the data with Kepler seismic logg (Sect. 2).After the assessments of the performance of the method, it is applied to all available LAMOST data and gives improved surface gravity estimates for ∼ 380, 000 metal-rich giant stars (Sect. 3). Finally, some issues are discussed and we draw our conclusions (Sect. 4).
Method

Support vector regression
Support vector machine (SVM) is a well known supervised machine learning algorithm mostly in the application of classification and nonlinear regression (Cortes & Vapnik 1995; Burges 1998; Deng, Tian & Zhang 2012) . A support vector regression (SVR; Drucker et al. 1996) , as an extension of the SVM, is a regression method to transform the data, via a kernel function, from the nonlinear physical space into a high dimensional innerproduct space, in which a linear model to the data can be fitted. The SVR model is firstly trained by the training dataset, a set of data with multidimensional independent variables and known dependent variable values. With a strictly convex optimization, the training process finds a unique set of support vectors, a subset of the training dataset, to express the linear model in the highdimensional space. Then the trained SVR model can be used to predict the corresponding dependent variable for a given input data. More detailed descriptions and a typical application of the SVR can be found in Liu et al. (2012) .
The training process
In order to establish a SVR model for the logg determination based on the seismic estimates, we firstly select a proper training dataset. Huber et al. (2014) released ∼ 200, 000 stars with stellar parameters in the Kepler field, among them, 15,686 stars have surface gravity estimates from asteroseismology, 486 from spectroscopic data, and 20 from transit, respectively. We crossidentify these stars with the LAMOST DR1 and DR2 data and finally obtain 3,944 common stars with the signal-to-noise ratio at g band higher than 10 in the spectra 1 . The stellar parameters of these LAMOST spectra are estimated in the pipeline (Wu et al. 2014 ) using the software,ULySS, with the empirical stellar library ELODIE as a reference (Wu et al. 2011a,b) . Then, we select the metal-rich giant stars with logg(LM)< 4.0 dex and [Fe/H](LM)> −0.6 dex, where "(LM)" denotes that the parameters are from the LAMOST pipeline. The selection in metallicity is because that the current scaling relation in asteroseismology may not be suitable for the metal-poor stars, e.g., the thick disk or the halo stars (Epstein et al. 2014a ). The selection in logg(LM) is because the Kepler seismic data lacks dwarf stars. Finally, we select 3,348 stars with both seismic logg (denoted as logg(ast), hereafter) and LAMOST spectra with ULySS derived T eff (LM), [Fe/H](LM), and logg(LM).
The data is arbitrarily separated into two groups with essentially equal members. One is used to train the SVR to find the best fit model, the other is used as the test dataset to assess the performance.
Second, we define the proper quantities as independent variables of the SVR model. We use the equivalent widths of 23 Lick lines (Worthey et al. 1994; Worthey & Ottaviani 1997) Fe (4383, 4531, 4668, 5015, 5270, 5335, 5406, 5709, 5782Å) , CN, Ca (4227, 4455Å), G band, NaD, TiO(5950, 6187-6269Å), measured from the LAMOST spectra, rather than the full spectra, as the input to the SVR model. These lines bring most of the useful information for the surface gravity estimation, and meanwhile, are less affected by noise. Then, we use the Kepler asteroseismic logg(ast) as the known dependent variable in the training dataset. This means that, in this work, they are assumed to be the true logg, since their systematic biases and uncertainties are very small and can be neglected, compared with the much larger uncertainties of the spectroscopic estimated values. In the next section, the seismic logg is used as the standard value in all assessments of the performances of the SVR and LAMOST estimates.
Performance and application
An intuitive assessment of the performance of the SVR model is to compare the SVR logg (denoted as logg(SVR)) with other estimates in T efflogg diagram. Figure 1 shows three T eff -logg diagrams for the ∼ 1700 test dataset, the y-axes are the LAMOST logg, Kepler seismic logg, and SVR derived logg from panel (a) to (c), respectively. The x-axes, T eff , in the three panels are all from the LAMOST pipeline. The red dashed lines show the isochrones (Marigo et al. 2008) with [Fe/H]=-0.2 dex at 1, 5, and 10 Gyr, from left to right, respectively. First, the largest difference between the LAM-OST logg and the other two is that the red giant branch stars (RGBs) from the LAMOST logg is located below the isochrones (see the left panel). This can also be clearly seen in Figure 2 , in which the difference of the SVR and LAMOST logg is below the zero-point by 0.5 dex for stars with logg(SV R) < 2 dex. Although it cannot be used to justify whether or not the LAMOST result is correct, the discrepancy between logg(LM) and the isochrone does bring significant system-atic bias when one determine the distance by comparing logg(LM) and T eff with the synthetic isochrone. The seismic (middle panel) and SVR (right panel) logg, on the other hand, are consistent with the isochrones for the RGB stars. This consistency is very interesting in the sense that the asteroseismic measurement is independent of any isochrone.
Second, the most prominent feature in the T efflogg diagrams is the red clump/bump stars, which concentrate at around logg∼ 2.5 dex and logT eff ∼ 3.68. Compared with the seismic logg the LAM-OST derived red clump stars (panel (a)) show an obviously tilted shape, which is probably an artificial effect due to the incompleteness and sparseness of the stellar library used in the current LAM-OST pipeline. As the most accurate measurement of logg, the seismic logg shows the clear red bump located at 0.1 ∼ 0.3 dex below the more concentrated and horizontally elongated red clump stars (logg∼ 2.4 dex, 3.64 <logT eff < 3.7) in panel (b) . Interestingly, the SVR logg marginally shows similar features in panel (c): (1) the red clump is more concentrated than the LAMOST logg and also shows a slightly elongated shape at 3.65 <logT eff < 3.7; (2) the red bump stars can be barely discriminated just 2.3 dex below the red clump at logT eff ∼ 3.65, although the dispersion is slightly larger than the seismic logg. Figure 3 shows the performance of the SVR logg compared with the corresponding seismic logg using the ∼ 1700 test dataset. First, the comparisons between the residual logg (defined as logg(SVR)-logg(ast)) does not show any strong correlation with other parameters, i.e., the LAM-OST estimated logT eff , [Fe/H] , and the seismic logg in panels (a), (b), (c), and (d), respectively. Second, the distribution of the residual gives the intrinsic uncertainty of the measurement in panel (d). The standard deviation for the residual is 0.21 dex. We also fit the distribution of the residual with a Gaussian to give an alternative estimation of the dispersion. The best fit Gaussian (the blue line) is centered at exactly 0, meaning that there is no systematic bias in the SVR estimation, and σ is 0.13 dex.
The larger dispersion of the residual logg at around logg(ast) ∼ 2.5 dex in panel (c) is mainly because lower signal-to-noise ratio. This is confirmed in Figure 4 , which demonstrates the varia- tion of the residual with the signal-to-noise ratio at g band of the corresponding LAMOST spectra. It shows that most of the data points with residual larger than 0.4 dex occur at the signal-to-noise ratio lower than 20. The two thin red lines in Figure 4 indicate the 2σ dispersion of the residual, which turn out to be flat at about ±0.2 dex when S/N(g)> 20. This implies that the uncertainty of the SVR logg is only about 0.1 dex for the higher signal-to-noise spectra. Although this uncertainty is still larger than the seismic measurement, it is significantly better than any other non-seismic estimation for the low-resolution spectra by a factor of 2-4. This explains why we can distinguish the bump stars from the T eff -logg diagram with SVR logg in panel (c) of Figure 1 .
We apply the SVR logg estimator to 378,698 LAMOST DR1 and DR2 data with logg(LM ) < the LAMOST logg of the RGB stars has been corrected in the new result. And the shape around the red clump stars now seems normal. The width of the distribution of the red giant branch with the SVR logg is narrower than that with the LAMOST logg, implying the significantly smaller uncertainties in the SVR logg.
Discussions and conclusions
The known Kepler seismic logg are mostly for the giant stars (Huber et al. 2014) . Hence, we lack dwarf star samples as the training dataset. As a consequence, we only apply the method to giant stars and not expand it to dwarf stars. The LAMOST logg is sufficiently accurate for the separation of the giant and dwarf stars. Therefore, we use it to select the giant stars first and let the seismic-trained SVR model to predict more accurate logg for the selected giant stars. In the future, the coming PLATO mission may provide another tens of thousand asteroseismic measurement over the entire Hertzsprung-Russell diagram (Rauer et al. 2014 ). This will help to enrich the dwarf training dataset and expand this work to the dwarf stars.
Currently, the seismic logg is limited to the metal-rich stars, specifically, close to the solar abundance. This is because the empirical scaling relation used in the asteroseismology measurement is based on the solar-type stars. Epstein et al. (2014a) found that the seismic mass estimation for the halo and thick disk stars is significantly higher than the expectations. Although the stellar radius estimation is more precise than the stellar mass (Gai et al. 2011) , it may also be affected by the same systematic bias. Therefore, we only apply the seismic-trained SVR model to the metal-rich giant stars ([Fe/H]> −0.6 dex) to avoid the probably systematic shift for the metal-poor stars.
Although we use the LAMOST spectra as the training dataset, it does not limit the application of the SVR model only to the LAMOST data. In general, given another spectroscopic survey data without seismic measurement, we can firstly calibrate the equivalent widths of the line indices to align with the LAMOST and then apply the model to the new data. Indeed, we test it using a set of MMT/Hectospec observed giant stars, in which more than 100 common objects with the LAMOST are found. The accuracy of the logg estimates for these samples is roughly at the same level as in this work (more details will be given in Liu et al. in preparation) .
In summary, although not all the LAMOST data have asteroseismic observations, we can use a small subset with the Kepler seismic logg as the training dataset to estimate logg for other LAM-OST data with a support vector regression model. The approach can reach to an accuracy as high as 0.1 dex when the signal-to-noise ratio of the spectra is higher than 20. This improves the current logg estimated from the LAMOST pipeline by at least a factor of 2. This significant improvement will be very useful in the following studies: 1) it allows us to better estimate the distance of the giant stars; and 2) it enables to separate the primary (old and low-mass stars located at the prominent elongated clump at logg∼ 2.4) and secondary (young and massive stars located below the primary clump) red clump stars from logg, providing good samples to trace the stellar populations with different ages. Facilities: LAMOST.
